We present a simulation run allocation scheme for improving efficiency in simulation experiments for decision making under uncertainty. This scheme is called Optimal Computing Budget Allocation (OCBA). OCBA advances the state-of-the-art by intelligently allocating a computing budget to the candidate alternatives under evaluation. The basic idea is to spend less computational effort on simulating non-critical alternatives to save computation cost. In particular, OCBA is employed to intelligently provide the smallest number of simulation runs for a desired accuracy. In this paper, we present a new and more general OCBA scheme which can consider cases that users are interested not only the best design, but also any one in a good design set. In addition, this paper also presents the application of our OCBA to a design problem in US air traffic management. The national air traffic system in US is modeled as a large, complex, and stochastic network. The numerical examples show that the computation time can be reduced by 54% to 88% with the use of OCBA.
Introduction
Computer simulation technology has matured over the past decade and is now commonly used to evaluate large-scale real systems with complex stochastic behavior.
Simulation allows one to more accurately specify a system through the use of logically complex, and often non-algebraic, variables and constraints. This capability compliments the inherent limitation of traditional optimization. However, the added flexibility often creates models that are computationally intractable. The efficiency issue becomes an even bigger concern when one intends to evaluate and compare a set of alternatives. A decision maker i s forced to compromise on simulation accuracy, modeling accuracy, and the optimality of the selected design. This paper is to address such an efficiency issue.
There exists a large literature on innovative methods for improving the efficiency of simulation experiments. Fishman (1996) provide a comprehensive presentation of recent developments in simulation methodologies. Chen et al. (1998, 1999) 
Problem Formulation
Suppose that our goal is to select a design associated with the smallest mean performance measure among k alternative designs with unequal and possibly unknown variances.
Consider the following optimization in decision making problems:
where θ i ∈ Θ, the search space, is an arbitrary finite set; θ i is the system design parameter 
where ξ ij represents the j-th sample of ξ for design i and N i represents the number of simulation samples for design i. For notational simplicity, define
which is the j-th sample of the performance measure from design i. Denote by JOURNAL OF SYSTEMS SCIENCE AND SYSTEMS ENGINEERING We assume that the simulation output is independent from replication to replication and that the sampling across designs is also independent. Furthermore, we assume that X ij is normally distributed, and write
The normality assumption is generally not a problem, because typical simulation output is obtained from an average performance or batch means, so that Central Limit Theorem effects usually hold.
In this paper, we are concerned with the selection of a good design among k alternatives. 
Some difficulties in solving (2) Due to these problems, solving (2) can be very difficult, especially when k is not small. Since the purpose of solving (2) is to improve overall computational efficiency, we need a relatively fast and inexpensive way of approximately solving (2) during the simulation experiment.
A Sequential Bayesian Approach
To solve problem (2), we must be able to first estimate P{CS}. We follow the Bayesian model introduced in Chen (1996) to develop an effective approach to estimate the general P{CS} considered in this paper. 
We refer to the lower bound of the correct selection probability in (3) as the Approximate
Probability of Correct Selection (APCS). The computation of APCS involves only
summarizing some products of pair wise comparison probabilities, which are simp le to compute. Specifically, 
When the simulation is executed for (N 1 , N 2 , ..., Step 0. Perform n 0 simulation replications for each of the k designs,
Choose a positive integer q and an appropriate ∆ such that τ = ∆ / q is an integer Step 1. If T = 0, stop, otherwise, go to Step 2.
Step 2.
For i =1, ..., n, calculate
Step 3
Find the set S(q) ≡ {i : D i is among the q highest values}
Step 4
Step 5. Perform T ← T -∆. go to step 1.
While the EAPCS formula in (5) looks quite lengthy, the computational complexity is not much more complex than that for APCS in 
which remains as a constant when ∆ i changes.
Therefore, the ranking of D i is the same as 
and
Hence, Steps 2 and 3 can be replaced with the follows.
Step 2.
For i =1, ..., n, calculate Di / C Step 3.
Find the set S(q) ≡ { i : D i /C is among the q highest values}
Numerical Testing on Generic Examples
In this section, we use two generic examples to test our OCBA approach.
Example 2 is a larger problem. We compare the numerical performance for cases with and without using OCBA. In the numerical experiment, we estimate the probability that b is 1, 2 or 3 after the simulation is performed with and without using OCBA. Different computing budgets are assigned and simulated. Figure 1 shows the test results with and without using OCBA.
We see that in both cases we obtain a higher P{CS} as the available computing budget The time savings factor of using OCBA is increased to 88% in this example. This is because a larger design space gives the OCBA algorithm more flexibility in allocating the computing budget.
Application to US Air Traffic System
In this section, we apply our OCBA algorithm to two design and management problems for the US air traffic system.
Congestion in the US air transportation system is a major problem and is getting worse. Suppose we have a budget to construct a total of two new runways among these five airports.
The design problem is to determine which two airports will be added by one more runway.
There are totally 10 alternative designs. Our goal here is to find the best design with minimum expected system flight delay if two runways are added. Thus M = 1. Figure 5 shows the test results with and without using OCBA. OCBA reduces the simulation time by 54.3%.
Example 5.2
We consider a bigger design problem by adding one more airport to our consideration 
Conclusions
We present a new procedure to enhance the efficiency of simulation experiments for decision making under uncertainty. The objective is to efficiently identify one of the top-M designs. We also apply our efficient simulation approach to air traffic system design problems. Numerical results show that the total computation time can be dramatically reduced.
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